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ABSTRACT 
233 
Intensive land use is requiring more detailed information about patterns and 
magnitudes of soil variability than can be acquired through traditional soil survey 
techniques. Discriminant analysis is a mathematical method of numerical classification 
which could be used to identify discrete populations of soils in their natural settings. 
The hypothesis of this study was that discriminant analysis could be used to group soils 
on landtypes on the Mid-Cumberland Plateau. A large data set (132 observations of 29 
soil variables) was collected from three landtypes at two Cumberland Plateau locations. 
Discriminant analysis was used to classify the soil observations into landtypes. 
Canonical correlation was used to identify soil properties most responsible for 
separating soils into groups related to landtypes. Not all of the collected soil properties 
were important discriminators, so variables with low canonical loading scores were 
eliminated. A total of 13 soil variables representing three genetic soil horizons was 
required to correctly classify all 132 observations into correct landtypes. Canonical 
correlations were 0.979 and 0.970 with 29 variables and 0.968 and 0.941 with 13 
variables on canonical variates one and two, respectively. Soil variables from 8t 
horizons alone did not classify all observations into correct landtypes. Discriminant 
analysis, in conjunction with canonical correlation, shows promise for identifying key 
variables for numerically classifying soils into related populations. 
Key words: canonical canonical correlation, multivariate statistical procedures, 
canonical loading scores. 
1. Introduction 
The Soil Classification System 
Soil classification In the United States relies upon Soil Taxonomy (Soil Survey 
Staff, 1975), a hierarchical system with six levels of classification. Differences, 
however slight, at any level of the system can taxonomically separate otherwise similar 
soils into mutually exclusive groups. 
Soils generally exist as a multivariate continuum across the earth's surface. Only 
when soils are considered within local areas do discrete, relatively homogeneous 
populations become apparent (Arkley, 1976). The perspective from which the resource 
has been viewed has for decades affected man's attempts to separate soil individuals from 
the continuum (Cline, 1961). Soil Taxonomy allows the observer to arbitrarily select 
the pedon (a single soil profile) as the unit of observation. Thus an infinite number of 
individuals is possible within a sampling area of any size (Knox, 1965). This sampling 
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approach, coupled with the hierarchical classification system, can result in the same 
soil population being sampled and classified differently by different observers. Young 
(1992) identified 28 taxonomic classes in 120 observations of a single mapping unit. 
Some soil scientists recognized that specific soils, represented by certain 
combinations of soil properties, appear at predictable places in the landscape (Daniels et 
aI., 1971; Knox, 1965; Ruhe, 1956; Simonson, 1959). This pedictability results 
because water is the driving force for genesis of both landforms and soils. The specific 
soils are usually found in association with specific land surface features (Daniels and 
Hammer, 1992). Unfortunately, the scale at which soils are mapped (the most common 
mapping scale is 1 :24:000, or 1 inch = 2.6 miles) prohibits delineation of smaller 
units, regardless of their predictability or frequency of occurrence. Additionally, 
attention is often focused upon locating the preconceived "representative pedon" of a soil 
series at the expense of quantifying magnitudes and patterns of soil variance. 
Increasingly, users of soil surveys are demanding precise mapping units which 
include quantification of soil variance. Some scientists have focused upon the landform 
as the observable indicator of relative soil homogeneity (Daniels et aI., 1971; Hammer, 
1991; Rowe, 1984; Smalley, 1979; Smalley,1991). 
A landform is a surficial feature identified by its shape (concave, or convex) and 
location in the landscape (Ruhe, 1975). Soil scientists and geomorphologists often refer 
to landforms as geomorphic surfaces and include the depositional environment and 
internal texture as part of the identifying criteria (Daniels and Hammer, 1992). In 
this paper, we will use Smalley's (1979) term, "Iandtype," which is a landform-based 
ecological mapping unit defined for forest management purposes. 
Discriminant Analysis 
Discriminant analysis is a multivariate statistical procedure which can be used to 
predict group membership from a set of predictors (variables) (Tabachnick and Fidell, 
1989). This statistical method appears to have important applications for soil 
classification, but has received little attention from pedologists. 
Norris (1970) described important justifications for the application of 
multivariate statistical methods to the study of soil science. These methods may reveal 
previously undefined structure and relationships among the many, often interrelated 
variables which define soils. Multivariate analysis allows an objective, unbiased 
examination of the variables, thus ensuring that a priori perceptions do not lead to 
incomplete or faulty conclusions. Finally, the knowledge of statistical methods required 
by proper application of multivariate analyses should result in a precise and repeatable 
conclusion not possible with non-numeric methods (Norris, 1970). 
Among the previous applications of discriminant analysis to soil science have been 
the identification of representative general classes of soil within an extensive 
geophysical province (Webster and Burrough, 1974) and classification of soil 
developmental sequences in sand dunes (Berg, 1980). Edmonds and Lentner (1987) 
reported that discriminant analysis was better able to predict soil response classes than 
Soil Taxonomy. Lentz and Simonson (1987) used discriminant analysis to classify soils 
associated with sagebrush communities. Their analysis revealed that soil properties 
other than those used in Soil Taxonomy were important discriminators among soil 
classes. We are not aware of any attempts to use a large data set in conjunction with 
discriminant analysis to examine the relationship of soils to landforms (Iandtypes). 
Hypothesis and Objectives 
Our hypothesis was that the soils on important Mid-Cumberland Plateau landtypes 
would constitute discrete populations. Further, since soils are multivariate entities 
(Crowther, 1953; Norris, 1970), discriminant analysis could be used to classify soil 
according to landtype of origin. The primary objective of this study was to determine if 





classes of soils are associated with landtypes, the most detailed level of a hierarchical 
forest land classification system developed for the Mid-Cumberland Plateau (Smalley, 
1982). If discriminant analysis revealed unique soil classes among landtypes, our 
second objective was to identify a minimum set of soil properties necessary to separate 
the soil classes. 
2. Methodology 
The Data 
Three landtypes (study sites) were chosen at each of two locations (Fall Creek 
Falls State Park and Catoosa Wildlife Management Area) on the basis of Smalley's 
(1982) landtype criteria and the dominant forest vegetation. Soils were not examined 
until sites had been selected. Grids were established on each landtype. Each grid had the 
same interval (10m). Each landtype was completely covered by a grid, so grid sizes 
varied with landtype and location. A total of 132 grid pOints (observations) was used for 
all sites. Twenty nine soil chemical and physical properties represented each 
observation (grid point). 
Samples were obtained from the three uppermost genetic soil horizons on upland, 
north-facing slope, and first order bottom landtypes. The three horizons included 
surface (A), transition (AB), and argillic (Bt). Horizon thicknesses were measured in 
the field. Soil colors were coded for statistical analyses using the Buntley and Westin 
(1965) method. Laboratory analyses were from standard procedures (Soil 
Conservation Service, 1982). The soil variables are listed in Table 1. 
Statistical Analyses 
Statistical analyses were conducted with Systat version 5.1 (Wilkinson, 1989) on 
a Macintosh SE. Soil variables were eliminated using two procedures. First, any 
variables not statistically significant (P > 0.100) in the first discriminant 
classification were dropped. Second, after non-significant variables were dropped, a 
discriminant classification was performed with the remaining variables. 
Canonical analysis was also performed, and the standardized canonical loading 
scores on the two variates were treated like communalities in a principal components 
analysis. Loading scores were squared and added. 
Analysis of the standardized loading scores revealed a bimodal distribution with 
values ranging from 0.006 to 0.288. The median was 0.047. All variables with 
summed squared canonical loading scores less than 0.047 were dropped. The remaining 
13 variables were subjected to another discriminant analysis and to canonical 
correlation. 
3. Results and Discussion 
Discriminant analysis of all 29 variables resulted in 100% correct classification 
of observations into proper landtypes. Canonical correlations were high for both 
canonical axes (0.979 and 0.970 for canonical variates one and two, respectively), and 
the discrete soil populations were tightly clustered (Figure 1). This analysis indicated 
a strong relationship between landtypes and soil populations. Discrete classes of soils 
were related to individual landtypes. 
Three of the 29 soil variables (ABthick (P = 0.107), Acolor,(P = 0.165) and 
ABexacid (P = 0.176)) did not contribute significantly to the classification. After these 
variables were removed from the data set, discriminant analysis again resulted in 100% 
correct classification of observations into landtypes. Clustering of observations within 
landtypes was as tight as with 29 variables (Figure 1). 





Canonical loading scores (Table 2) can be interpreted much as loading scores in a 
principal components analysis (Hammer et aI., 1991). The variables with the highest 
absolute numerical values on each canonical variate are those which contribute the 
greatest to the spread between classification groups along respective canonical axes. The 
canonical loading scores can be used to determine which variables are most important in 
the classification. 
Removal from the data set of the 13 variables whose squared and summed canonical 
loading scores were below the group median did not reduce the accuracy of discriminant 
classification using the 13 remaining variables. Again, all 132 observations were 
classified into the correct landtypes. Canonical correlations remained high, and were 
0.968 and 0.941 for canonical variates one and two, respectively. However, the 
canonical loading scores for the remaining individual variables increased and the 
relationships between soil variables and individual canonical variates became more 
obvious. 
The loading scores indicated which soil variables were separating the populations 
within landtypes. Table 2 contains the standardized canonical loading scores for all 
reported analyses. Note, for example, that the canonical loading scores of variable "pHA" 
changed from 0.390 and 0.215 when it was one of 29 variables in the analysis to 0.527 
and 0.00 when it was one of 13 remaining variables. The ambiguity of this variable was 
reduced, and "pHA" became a more important contributor to canonical variate one in the 
second analysis after removal of variables with low canonical loading scores. 
Also, when the number of soil variables was reduced from 29 to 13, the A 
(surface) horizon variables became more strongly aligned with canonical variate one, 
and subsurface (AB and Bt) horizon variables became more strongly aligned with 
canonical variate 2. The separations among soil populations on landtypes along canonical 
variate one is due mostly to A horizon variables and the separation along canonical 
variate 2 is due mostly to subsurface horizon variables (Figure 2). Note that within the 
population from the north-facing slope, the spread among observations has increased. 
Individual observations moved away from the group centroid as the number of descriptor 
variables was reduced. However, the discrete grouping of observations within landtypes 
remained strong. 
Soil Taxonomy (Soil Survey Staff, 1975) relies strongly upon soil properties in 
the Bt horizon when classifying soils of the Ultisol soil order. Most of the soils on the 
north-facing slopes and uplands were Ultisols. Five soil variables from the Bt horizon 
which most nearly represent the criteria used for taxonomic classification were selected 
for the final discriminant analysis of the 132 observations (Table 2). Eighteen (18) of 
the 132 observations were misclassified. This loss of precision accompanying reduction 
in variables is revealed in Figure 3. The separation between upland and bottom 
landforms on canonical variate 1 has been lost, and separation between upland and 
north-facing slope has been lost on canonical variate two. Observations from the north-
faCing slope have intermingled with upland observations. Nine of the 18 misclassified 
observations were from the north-facing slope, and seven were classified into the upland 
landtype. Seven upland observations were misclassified into the slope landtype. The loss 
of accuracy and precision resulting from eliminating variables from A and AB horizons 
is quite apparent when Figures 2 and 3 are compared. 
4. Conclusions 
The sampled landtypes are characterized by discrete populations of soils. 
Evidently, Smalley's (1982) land classification for the Mid-Cumberland Plateau 
identifies landtypes which represent soil populations. Variables from all three genetic 
soil horizons are necessary to optimize the numerical soil classification. When only Bt 
horizon variables were analyzed, a dramatic loss of accuracy and precision resulted. 
Thus, the reliance of Soil Taxonomy upon a "control section" composed only of Bt horizon 





soil properties decreased the probability of identifying discrete populations of soils 
across the broader landscape. The possibility of a serendipitous relationship within 
these data should not be overlooked. However, the high canonical correlations obtained 
with only 13 soil variables would seem to indicate that the observed relationships are 
valid. 
Lentz and Simonson (1987) also have shown how numerical classification can 
identify soil properties which are not recognized by Soil Taxonomy, but which are 
important in a particular ecosystem. Clearly, discriminant analysis and canonical 
correlation are multivariate statistical procedures offering much promise in 
discovering previously unobserved relationships of soils to their environments. As 
Davis (1986) observed in his discussion of the value of multivariate statistical 
procedures in the geological sciences, "The rigor and objectivity required by a 
quantitative methodology can compensate in part for insight and experience which 
otherwise must be gained by many years of work. " 
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Table 1. Soil variables used in initial discriminant analysis of soil 
































Organic matter content-A horizon only 









A horizon thickness 
AB horizon thickness 
Bt horizon thickness 
A horizon color 
AB horizon color 
Bt horizon color 
Extractable acidity-A horizon 
Extractable acididty-AB horizon 
Extractable acidity-Bt horizon 
Fine silt + clay fraction-A horizon 
Fine silt + clay fraction-Bt horizon 
Coarse silt + very fine sand-A horizon 
Coarse silt + very find sand-Bt horizon 
pH in water-A horizon 
pH in 0.01 M CaCI2-A horizon 
pH in water-AB horizon 
pH in 0.01 M CaCI2-AB horizon 
pH in water-Bt horizon 
pH in 0.01 M CaCI2-Bt horizon 
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Figure 1. Canonical plots of 29 soil variables from 132 sampling points 
on three Mid-Cumberland Plateau iandtypes. 
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Figure 2. Canonical plots of 13 soil properties from each of132 
sampling points on three Mid-Cumberland Plateau landtypes. 





Table 2. Standardized canonical loadings of variables used in 
discriminate analyses of three combinations soil variables on the Mid-
Cumberland Plateau. Dashed lines (--) indicate the variable was not 
included in that data set. 
29 VARIABLES 13 VARIABLES Bt HORIZON VARIABLES 
Variable CanVar1 CanVar2 CanVar1 CanVar2 CanVar1 CanVar2 
Ormat 0.073 0.024 
K 0.305 0.138 0.399 - 0.032 
Ca 0.312 0.1470 0.411 - 0.039 
Mg 0.264 0.050 0.315 -0.124 
CaAB 0.141 0.103 
MgAB 0.146 0.171 0.237 0.117 
KAB 0.123 0.160 
CaBt 0.177 0.117 
MgBt 0.165 0.169 0.256 0.102 
KBt 0.203 0.150 0.291 0.050 
Athiek 0.272 0.191 0.385 0.053 
ABthiek 0.022 0.039 
Btthiek 0.240 -0.349 0.116 -0.627 
Aeolor -0.011 -0.040 
ABeolor -0.120 0.209 -0.043 0.358 
Bteolor -0.040 0.258 0.067 0.366 0.714 -0.131 
Aexaeid -0.065 -0.152 
ABexaeid 0.018 0.036 
Btexaeid 0.117 -0.120 -0.356 0.590 
Afine 0.090 0.017 
BHine 0.081 0.103 0.262 0.474 
Aeos 0.058 0.094 
Bteos 0.015 0.088 0.236 0.112 
pHA 0.390 0.215 0.527 -0.00 
spHA 0.442 0.300 0.622 0.174 
pHAB 0.106 0.193 0.202 0.176 
spHAB 0.076 0.051 
pHBt -0.012 0.080 0.221 -0.036 
s~HBt -0.074 0.079 
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Figure 3, Canonical plots of 5 8t horizon soil variables from 132 
sampling points on three Mid-Cumberland Plateau landtypes. 
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